Two approaches for mitigating noise factors -robust design and reconfigurable design -are investigated in this paper. The platform for the investigation is a race car model developed in prior research with the addition of noise factors that include a dynamic center of gravity and tire wear. The effect of the noise factors, as tested on a baseline model, increase the total race time by 12.7% and introduces significant variation in the lap times. The two design approaches are then simulated and show both improved performance and lap time consistency in the presence of noise factors. The reconfigurable design demonstrates a 12.6% decrease in lap time as compared to the L2 norm point of the robust design Pareto front, but an increase in standard deviation from 0.065 seconds to 0.396 seconds. The results demonstrate that reconfigurable design is an effective means of tempering the effects of noise factors and improving the performance of a system.
I. INTRODUCTION
I n the design process, a significant challenge is balancing performance requirements for different operating situations. Once a set of design variable values are chosen for the optimal design, they become a permanent aspect of the system. To this end, engineers are often faced with trade-off decisions. To create an optimal solution for the functional requirements dictated by a specific set of operating conditions, a non-optimal configuration is often created for another situation. A race car provides a prime example of this challenge. Here, an optimal configuration for cornering will be sub-optimal for a straight. When formulating the optimization problem, each segment of the race track can be considered a different objective for which the system must be optimized. Building on the fact that the optimum configuration for one objective may not be the optimum for other objectives, a Pareto frontier can be constructed 1 . Another challenge facing design engineers is the presence of noise factors, or uncontrollable variables. These noise factors may come in the form of environmental conditions, or from the design itself. Such factors can significantly affect the overall performance of the system. One common solution, Robust Design as proposed by Taguchi 2 , creates systems that are performance insensitive to variations. In the context of a race car, this can be seen as a design that is insensitive to changes in the environment (i.e. road conditions, weather) or changes to the system itself (i.e. tire wear, time-variant center of gravity location). To mitigate these performance variations, the designer is forced to make sacrifices in overall performance.
If a system is designed to adapt itself to changing operating conditions, the system could be optimally configured for any situation. This principle is called reconfigurable design 3 , and it focuses on the ability of a system to change its physical configuration -after deployment -in response to changes in the environment or desired performance. A reconfigurable race car, for example, might include configuration changes to the front and rear airfoils or changes to the roll stiffness distribution.
The goal of this paper is to compare the performance of three design strategies in response to uncontrollable internal variations. The two noise factors considered are: 1) a changing center of gravity location due to fuel consumption, and 2) a tire model that accounts for decreased tire effectiveness (due to wear, changes in tire pressure and temperature, etc.). The first design strategy creates a static configuration that minimizes the total time it takes to . Here, the researchers examined a reconfigurable race car that incorporated changes in the airfoil planforms, roll stiffness distribution, and center of gravity location. This work outlined the effectiveness of broad reconfigurations to the overall system to account for discrete objective function changes (changing from a turn to a straight-away). Another possible implementation of a reconfigurable design would be to mitigate uncontrollable variations by essentially 'tweaking' system configuration for each segment. This paper investigates the advantages of reconfigurable system design principles when applied to uncontrollable configuration perturbations.
To carry out this study, a race car model developed in prior works 3 is implemented with additional modifications. Once again, the roll stiffness distribution and the aerodynamic down-force distribution are made reconfigurable. In this model, the designer controls only the initial location of the center of gravity, which changes in response to the burning of fuel throughout a race. The new model also benefits from an improved tire model. This model more realistically demonstrates the reduced effectiveness of a tire as it wears throughout a race.
Delivered in this paper is first a background of the two major design principles that apply to our approach for optimizing the Formula-1 style race car, reconfigurability and robust design. We continue by introducing our updated race car model to include the vehicle parameters that uncontrollably vary throughout the course of a multilap race. Finally, using this updated model and a real race track, we execute the simulation of this race with both a reconfigurable race car and robustly designed one.
II. BACKGROUND
This research occurs at the intersection of two technology areas: reconfigurable system design and robust design. This section contains an overview of the relevant material from each of these areas.
A. RECONFIGURABILITY
The primary motivation for a reconfigurable system comes from the inherent tradeoffs incorporated when resolving the issue of conflicting objectives 4 . Physical reconfigurations are used, after deployment, to maintain a high level of performance. This definition of reconfigurability has been further elaborated upon, stating that true reconfigurations must be repeatable and reversible 5 . Fundamentally, there have been two approaches to exploring reconfigurability. In application-based research, the concept of a reconfigurable (or morphing) aircraft is not new. Many applications investigate the design of a morphing aircraft wing and the technical challenges associated with such a task [6] [7] [8] [9] . Seemingly opposite to application-based research, the engineering design community has focused on the mathematics of the optimization problem, and not explicitly on the manner by which the system changes. These research efforts span three specific areas: costing 10, 11 , design variable selection 3, [12] [13] [14] , and system transitions [15] [16] [17] [18] . Introductory reconfigurable system design research used the Decision-Based Design (DBD) framework originally introduced by Hazelrigg 19 to determine the increased costs of reconfiguration. Optimization was used to select the ranges that produced the best reconfigurable system performance. Olewnik built upon this model by using conjoint analysis to assess the component 'part-worth' for each attribute comprising a product, making it possible to calculate the product's total utility 11 . Khire and Messac introduced the Variable-Segregating Mapping-Function (VSMF) 12 to integrate the selection of adaptive and fixed design variables with the optimization of system performance. Other researchers have used design variable variations or treated morphing as an "independent variable" to determine which components should be changed, and by what magnitude 13, 14 . A constraint-based approach using system mass was developed by Ferguson and Lewis 3 to aid in design variable selection. If the extra component mass to achieve reconfigurability is too large, the performance advantage of reconfigurability is offset, establishing an effective system constraint.
Siddiqi 20 introduced a controls-based approach that allows designers to identify 'good' configurations the system should be able to adopt over the course of its operations. Under this approach, it is also possible to determine the likelihood of reconfiguring into a failure state from which the system can never leave 16 . A similar scheme creates action plans to execute reconfigurations in response to task changes, environmental changes, aging, and deterioration using a series of Design Structure Matrices to ensure operation 17, 18 . American Institute of Aeronautics and Astronautics
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In order to describe how products can achieve reconfigurability, Singh et al. established three basic transformation principles 21 . The application of these principles to current products is further elaborated on by Parkinson and Haldaman 22 . Essentially, the transformation principles study the manner in which the physical change of the system may be enacted. This, in turn, facilitates the brainstorming of new reconfigurable products.
B. ROBUST DESIGN
When undertaking a design challenge, engineers control a set of design variables that determine the attributes of the design and the overall performance. There are also other forces that influence the performance of the final design. Generally, these have been classified as noise factors and are characterized by inducing some loss in a system [23] [24] [25] . Clausing goes further to categorize the noise factors into three different types. These include variations in conditions of use, production variations, and deterioration 26 . Additionally, these noise factors are described as being too expensive or difficult to control 2 . The inability to remove or control noise factors is a main motivation behind robust design principles, which are concerned with minimizing the effects of uncertainty or design parameter variation without eliminating the source of these factors 27 . A large portion of the research in this area has been focused on the use of design of experiments and signal-to-noise ratios to improve design and manufacturing processes [28] [29] [30] . Another direction has been to include robust design principles and simulations in the preliminary design process to attempt to preemptively mitigate loss due to variation 31 . These efforts mitigate performance loss due to noise factors without removing the source.
Throughout its lifecycle, a race car will encounter noise factors that fall into all three of Clausing's categories. Variations in conditions of use can include different tracks, different segments of the tracks -turns or straights-, or even fuel consumption during a race. Production variations can be observed in nearly every aspect of the build of the race car, and deterioration happens regularly over the course of a race or lifetime. It would be impossible, using classical design principles, to create an optimum configuration for all of these circumstances. The integration of robust design principles can create a product designed to be effective over a wide range of conditions 27 . The advantages of robust design are visually illustrated in Fig. 1 . It can be observed that while the optimal solution has a better maximum performance than the robust solution, both configurations have the same mean performance value. The benefit of robust design principles can be seen when variation is introduced to the design variables. The robust solution has a much narrower and more consistent band of performance values whereas the optimization solution's performance varies greatly.
In this paper, the noise factors relating to fuel consumption and tire wear are introduced into a race car model. The time-dependent change in fuel mass can be categorized as a variation in condition of use because it influences the longitudinal center of gravity of the car. Because the tires wear and lose force generating capabilities during a race, tire wear can be classified as a deterioration noise factor. The goal of a car designed with robustness in mind is to minimize performance variance 32 . This demonstrates insensitivity to noise factors introduced into the model. Although this requires sacrifices in overall performance, it may be necessary to achieve consistent performance during the race. 27 In this paper, robust design principles are applied to a race car being optimized for a specific track. To apply principles of robust design to this model, the design parameters need to be set such that the system will operate with little sensitivity to noise 24 . Computer simulations are used to investigate these design principles with respect to race car design configuration. The next section describes how the noise factors are added to the existing race car model. 
Fig. 1 Optimal solution versus robust design

III. MODEL DEVELOPMENT
For model development of the race car, three subsystem performance characteristics that critically affect the overall performance of the vehicle system are evaluated. This generalized model has been used in previous papers 3, 15, 34 , and incorporates the center of gravity location, roll stiffness distribution, and aerodynamic downforce distribution 35 . Aerodynamic downforce distribution is the division of individual aerodynamic forces acting at the front and rear axles. This force is created by the shape of the vehicle and the inverted airfoils (wings). Roll stiffness distribution signifies the amount of resistance to vehicle roll the front axle provides relative to the total resistance provided by the front and rear tires. Center of gravity location is driven by both the chassis center of gravity and the longitudinal location of the fuel tank. A simple schematic of the model is shown in Fig. 2 . In an attempt to create a more realistic simulation, the new vehicle model will include uncontrollable variations in two system components including the mass of the vehicle and the tire model.
A. Implementation of Dynamic Center of Gravity Noise Factor
The first uncontrollable characteristic is the mass of the vehicle. A vehicle burns fuel to generate propulsive forces. This fuel burn also causes vehicle mass reductions that can potentially impact the vehicle's center of gravity location in a significant way (fuel accounts for roughly 16.3% of the vehicle's initial weight). For example, a vehicle with a fuel tank located aft of the center of gravity will experience a forward shift of the center of gravity location, until the point at which the car "pits" and the fuel supply is replenished. In this sense, the initial center of gravity can be placed to optimize the performance of the race car, but once the race starts this variable becomes uncontrollable.
In the new model, the center of gravity is comprised of two components. The chassis center of gravity is represented by the distance a from the front of the vehicle. In Fig. 3 , l corresponds to the normalized wheelbase of the vehicle. When a full race investigation is conducted, the fuel tank position becomes a design variable that is bounded between 0.1 and 0.5 from the rear of the vehicle. 100%, 80%, 60%, 40%, and 20%. Here, fuel mass is considered a deterministic noise factor as its value can be predicted and determined.
B. Implementation of Tire Wear Noise Factor
As the tires are the only components that connect the vehicle to the ground, all changes in the vehicle design must be done with the operating conditions of the tires in mind. Among the most fundamental operating condition of tires is the load carried by a wheel. The tire model, which is used in association with the vehicle model, is based on empirical data taken from a tire-testing machine over a range of loads. It describes the nonlinear characteristics of the tire data, the variation of the tire cornering stiffness with tire normal load, and the variations in lateral force due to slip angle. Variation of the tires' performance throughout a race must be included in the overall system model, and is a deliverable of this paper.
In order to account for the changes that the tires endure as the race progresses, a tire wear variable is added to the vehicle model. Using empirical tire data in conjunction with this tire wear coefficient, the lateral forces that the tires are able to produce can be determined 36 . An assumption is made that the tires are 100% efficient at the beginning of a given race, but are only able to sustain 80% effectiveness at the finish line. To capture this decrease in tire effectiveness, a model is developed that decreases the tire effectiveness coefficient as a function of the forces the tires experienced in the previous laps. From this model, the tire effectiveness decreased at a relatively linear rate. Therefore, the decrease in tire effectiveness is represented as a linear trend that yields slower lap times.
C. Model Simulation
To quantitatively solve this optimization problem, the flowchart shown in Fig. 4 details the process of solving a single reconfigurable lap. To start, the model is run through an algorithm that optimizes the time taken to complete the turns. This process yields optimal turn configurations and the ideal velocities to enter and exit the turn. Once all turns are optimized, this information provides a set of endpoint velocities for the straight sections of the track. To analyze the performance of the race car on these sections, two sub models are created. Starting with the exit velocity of a pre-straight turn, the acceleration capabilities of the vehicle are analyzed for the length of the straightaway. It is assumed that the entrance velocity for the post-straight turn is less than the speed at which the vehicle travels through the straight-away. This means that at some optimal point, the driver needs to apply a braking force to the car to slow it down to the required speed. To find this point a braking curve is generated and the point of intersection of the braking and acceleration curves is recorded. Like the turn optimizer, the optimal configuration for the straight segment is solved for in this sub-process. This process is repeated for all sections of the race track until a set of optimal configurations for the lap is determined. These optimal configurations are the results used to compare various approaches to mitigating noise factors. Two performance measures, mean lap time and lap time standard deviation, are associated with each configuration which allows for easy comparison amongst approaches. The order of testing began with a single turn simulation to investigate the effects of the noise factors on vehicle performance. After the effects were validated in the small test, it was expanded to include the full race. The results from these simulations are displayed in the next section.
IV. RESULTS
All systems must manage noise factors that can cause performance variability. If poorly designed, such performance variability can lead to the failure of the system. Robust design theory attempts to minimize the sensitivity to noise factors and therefore minimize variability in system performance. The ability for a reconfigurable system to change its configuration after deployment provides another approach towards handling performance variabilities. A reconfigurable system, instead of minimizing the effects of these variability sources, can instead change its configuration to obtain an optimal performance. To examine these scenarios, this section investigates the performance of statically optimized car, a car designed for robustness, and a reconfigurable race car. Noise factors include variable fuel mass and decreasing tire performance. As the amount of fuel in the vehicle is constantly in flux, the center of gravity of the vehicle is constantly shifting. The total shift caused by removing the fuel mass is significant, causing over a 6% change in normalized center of gravity location. Tire performance degradation affects the only component of the race car which remains in contact with the ground and is an integral factor for evaluating race car performance.
The simulations are run using data from the Pocono Raceway race track. This race track consists of 3 turns and 3 straights. The relevant dimensions for the race track can be seen in Table 1 .
Table 1. Geometry of Pocono Raceway
To establish a baseline model, an optimization is executed using the race car model as it functioned prior to the addition of any noise factors. This design is optimized for the full race, but only the first turn is examined in Table 2 . The next step of the investigation is to apply this model to a single-objective optimization approach through the simulation of the race car in a single turn. Later, the notion of a multi-objective optimization is addressed as the race car is simulated through an entire five lap race.
A. Single Turn Investigation
For the analysis in this section, only the performance on a single turn is considered. A single racetrack segment is analyzed to eliminate possible performance confounding between the uncontrollable factors of the robustness study and the multiobjective nature of the racetrack. The first turn of the race track, a turn of radius 602 feet with a bank angle of 14 degrees, was chosen for the investigation. The configuration in Table 2 is analyzed with the addition of noise factors. Each case, fuel reduction and tire wear, is first run separately to examine their individual effects on performance. A simulation is then run using the combination of both noise factors.
Results for the fuel model are displayed in Table 3 . When these results are compared to those of the original optimized configuration it is observed that the total race time decreases. This can be explained by the weight reduction of the vehicle over the course of the simulation. In the original model, a simulation of five laps around the first turn yields a total constant time totaling 21.294 seconds. Whereas this result is seen when the tank is full, the first center of gravity shift leads to worse performance on the turn. For the remaining three laps, however, the change in center of gravity position is offset by the reduced vehicle mass, allowing the vehicle to achieve a higher steady-state cornering velocity and a shorter lap time. Notice that this trend is not monotonic.
Table 3. Single turn simulation with decreasing fuel mass
The next simulation run was the original optimized race car configuration with the tire wear model. Examining the data in Table 4 , it is seen that the tire wear model has a more profound effect on the performance of the race car. Here, tire wear causes lap times to become progressively worse. In fact, the tire wear noise factor causes a 38.8% increase in the time it took to complete the five laps. This is in contrast to the 0.404% decrease in time for the fuel model. This model provides a good example of noise factors causing both loss and variation in the performance of the product.
Table 4. Single turn simulation with decreasing tire effectiveness
Finally, the original optimized configuration was simulated using the combined dynamic fuel and tire wear model. This model produces the results shown in Table 5 . Once again, the data displays a large change in overall time across all five laps. The combined model increases the total time by 33.7%, which is not quite as large as when the tire wear is considered alone. This is due to the simultaneous decrease in weight that is associated with the variable fuel mass present in the vehicle. To compare the different noise factors it is useful to look at the mean lap time and the standard deviation of the lap times. These statistics are tabulated for the Turn 1 investigations in Table 6 . Having established that the noise factors impact the performance of a vehicle on a single turn, the next section integrates them into a full race. 
Lap
B. Full Race Investigation
A full race, in this case study, refers to five consecutive laps around all track segments. To begin the evaluation of this problem, a control run is initiated with the race car model where tire wear and fuel level are not taken into account. This model is analyzed using a genetic algorithm to minimize the overall race time by changing the seven design variables shown in Fig. 2 . This simulation, shown in Table 2 , yields a static configuration with a total time of 158.745 seconds, comprised of five identical 31.749 second laps.
To simulate the increasing wear that the racing tires endure, the race car model is modified so that each tire loses 5% of its effectiveness for each lap of the race. In addition to tire wear, a dynamic center of gravity is introduced to the race car model. With this change, the amount of fuel in the race car's tank starts at 100% and decreases by 20% each lap. To better understand the consequences of adding these uncontrollable parameters to a multi-objective racetrack, simulations are run on the original optimal configuration described in Table 2 . The results of these simulations are displayed in Table 7 . Table 7 illustrates the changes caused by the addition of these noise factors. As previously seen, the addition of tire wear to the model causes a 22.4% increase in the race time. This is due to a reduction in the traction of the tires and a corresponding reduction in speed to maintain proper handling. Also, as expected, the lap time increases as the car progresses through the race, showing an 11.5% increase on second lap to a 37.7% increase on the fifth lap. Alternately, the addition of a dynamic center of gravity due to fuel consumption increases the overall performance of the race car, with a 0.3% reduction in total time. This phenomenon is due to the decreased total weight of the vehicle. It can be observed that the difference between the fuel model lap times and the original changed minimally throughout the race which indicates insensitivity to center of gravity position. Finally, the combined model displays a combination of the individual models, resulting in a 12.7% increase in race time. Table 7 . Impact of noise factors on performance of original static design
Tire
As shown in Table 8 , the effect of noise factors is even more evident in the full race simulations. When both of the noise factors are added, the standard deviation increases to 4.078 seconds. Also, the tire wear noise factor causes a significant amount of performance loss which can be seen by comparing the mean lap time to the original mean lap time. Having displayed the effects of noise factors during a race, the next step is investigating design strategies that can mitigate these performance losses. The three approaches applied in this study to deal with the noise factors include a static system optimization, an optimization using robust design principles and an optimization that utilizes a reconfigurable design. Table 8 . Summary of noise factor impacts on performance of original static design
Static Race Performance Optimization
This approach uses a genetic algorithm to statically optimize the race car configuration. This is a rudimentary design technique and it will serve as a baseline for comparison of the more advanced robust and reconfigurable designs. The objective function for this design strategy is to minimize the total race time. Three versions of the simulation were run which include each noise factor case independently, and the combined noise factor case. Results for these simulations are displayed in Table 9 . From these results it is seen that vehicles optimized for tire model effects and a combination of noise factors yield a11.3% and a 7.31% increase over the original optimal design. When only fuel is considered, however, there is a mere 0.731% increase. The comparison statistics of total race time, mean lap time, and standard deviation for the statically optimized cases are displayed in Table 10 .
Table 10. Summary of static configuration performances
While this data suggests that a statically optimized design effectively deals with noise factors, there may be other more appropriate options. Robust design theory is known for its ability to create designs that are insensitive to noise factors and variation. Therefore, a simulation using robust design principles to design the race car is the next candidate for the investigation.
Robust Static Optimization
As driver capabilities are not accounted for in this model, it is beneficial to create a robust design with consistent performance over the race. This performance similarity may help a driver who is used to a certain 'feel' associated with the vehicle. Mathematically, this involves minimizing the variation in lap time. A second objective, minimize mean lap time, is used in conjunction with the minimization of the standard deviation. A multi-objective genetic algorithm is used to create a Pareto frontier of robust design solutions for this problem. The multi-objective genetic algorithm toolbox in Matlab is used to execute the simulation. The default settings of the toolbox are used: a population of 15 times the number of design variables (165), a crossover rate of 0.8, and two-point crossover. Due to computational expense, the multi-objective simulation was only applied to the combined model design case. This optimization process yields the Pareto frontier shown in Fig. 5 . deviation. The configuration for this point is displayed in Table 11 , which has a mean lap time of 33.307 seconds. Additionally, this design has a 93.9 percent decrease in the standard deviation when compared to the result obtained in the previous section.
Table 11. Desired static robust design and performance
It is important to note that the configuration identified in this section is only slightly worse on the performance axis than the statically optimized design. Also, it is much better on the variance axis. Therefore, it can be seen that robust design principles can be a very powerful design tool. Reconfigurable design offers another means of mitigating the effects of uncontrollable noise factors, and is the final candidate for the investigation.
Reconfigurable System Optimization
To simulate the design of a reconfigurable race car, the five lap race was broken down into thirty segments; three turns and three straights for each lap. However, before beginning this procedure, some parameters were defined. First, the location of the fuel tank is set to be static since the driver is unable to realistically vary this parameter in an actual competition. A fuel tank position value of 0.3039 was selected based on the optimal static simulation for the fuel usage model. Similarly, the range for the location of the chassis center of gravity was restricted much more than it was in the static simulations. For the reconfigurable simulation, the chassis center of gravity is only allowed to fluctuate between 0.30 and 0.50 of the total length of the car.
As an example of the relevant data that can be taken from this simulation, Table 13 is included with the six design configurations necessary to complete the first lap with the combined race car model. It is important to note that since the straightaway segment is predominantly power limited, there are multiple airfoil solutions that satisfy the optimal time for the segment. This data was collected for all three noise factor models, and Table 15 , it is seen that the reconfigurable design clearly dominated many of the robust designs on the Pareto front. The mean lap time of the reconfigurable design, 29.569 seconds, is an 11.2 percent decrease from the L2 norm point on the robust design Pareto frontier. However, the standard deviation associated with the reconfigurable system design is higher than the L2 norm robust design point. This is better illustrated in Fig. 6 , where the blue square represents the reconfigurable system design. It is more than 3 seconds faster per lap than the other points on the Pareto frontier. However, it is also clear that this point does not dominate all of the points on the Pareto frontier. 
V. CONCLUSION
The goal of this paper was twofold: 1) to show that the addition of noise factors to a vehicle model significantly influences performance, and 2) to test different design approaches for mitigating the performance impact of these factors. The single turn and full race simulations effectively demonstrate the performance loss due to the addition of noise factors and provides higher fidelity to the vehicle model.
The first approach for reducing the effects of the noise factors was a genetic algorithm optimizer for the static race car configuration. The optimization was based solely on minimizing the lap time of the vehicle. The second simulation was run using a robust design approach. A second objective was added in the form of a minimizing the standard deviation associated with lap time. This addition created a multi-objective problem which when solved produced a Pareto frontier of non-dominated design configurations. A set of designs was created that, at one end of the front, nearly matched the performance of the static optimization while improving the insensitivity to variance. All of the configurations in the Pareto front displayed a lower standard deviation than that of the statically optimized model which is a hallmark of robust design. In this investigation, the most desirable point on the Pareto front was the L2 norm point. This point combined a low mean lap time and a low lap standard deviation. Therefore, it serves as the main comparison point for the reconfigurable case simulation.
Reconfigurable design is another approach to temper the effects of uncontrollable variations. When the reconfigurable case performance is compared to the robust design Pareto frontier, it becomes clear that reconfigurabilty has the potential to drastically improve the performance of a product. This fact can be seen in Figure 6 where the reconfigurable point is at least 3 seconds better than any point on the Pareto front. However, while the reconfigurable design significantly improved the performance, the robust design exhibited a much lower standard deviation. The data from these simulations suggest that reconfigurability is an effective approach for increasing the performance of a system, but does not automatically match the insensitivity of the robust designs.
Extending the concepts from robust design to the design of a reconfigurable system is a source of future work. To improve the results from these simulations, we will continue to update the vehicle model to include factors that have not been accounted for in previous revisions. Further, the updated model can be utilized to investigate:
1. Combining Reconfigurable Design and Classical Robust Design Principles-A multi-objective genetic algorithm can be used to create a reconfigurable design for the race car that takes into account both the fastest lap times and the most consistent lap times. 2. "Low-Cost" Semi-Reconfigurable Design-Since building a fully reconfigurable vehicle could prove financially expensive; a vehicle model will be created that allows only three of the original seven design parameters to reconfigure. A genetic algorithm will find the optimal values of the four static variables in conjunction with a prescribed set of optimal reconfigurations to take place for the given segments of the race.
